Purpose: CONTRAIL (Comprehensive Observation Network for Trace gases) observations retrieved by passenger aircrafts is becoming more popular among the researchers who are doing inverse modelling. The inverted Asian CO 2 fluxes still remains challenging with a large uncertainty due to lack of observations. In this study, we use maximum likelihood ensemble filter (MLEF) method to estimate the carbon fluxes using CONTRAIL observations in addition to the existing flask and continuous measurements. Methodology: A pseudodata experiment is carried out with the artificially generated biases for the CO 2 fluxes. Hourly land fluxes (Net Ecosystem Exchange (NEE)) derived from Simple Bioshereversion 3 (SiB3) model, Takahashi ocean fluxes and Brenkert fossil fuel emissions are the fluxes used. Estimated fluxes defined in monthly scale are recovered for the months from May to October using MLEF coupled with Parametric Chemistry Transport Model (PCTM). Findings: CONTRAIL observations give a considerable uncertainty reduction for the estimated land fluxes for the Asian region and more than 50% uncertainty reduction for North American and European regions. Pseudo truth has been well recovered using this assimilation scheme. Originality: In the future, this model is going to be used with real observations to identify the carbon sinks and sources globally as well as mainly for the South Asian region.
Introduction
Climate change is a critical environmental issue closely linked with the increase of greenhouse gases in the atmosphere. Among greenhouse gases, CO 2 plays the main role in greenhouse effect.
Inverse modelling has been used to quantify the spatial and temporal variations of sources and sinks of CO 2 . The spatial and temporal distribution of CO 2 fluxes provides more information about the global carbon cycle, which has been analyzed using inverse methods to estimate regional sources and sinks. The literature is rich on inverse modelling and several applications to CO 2 fluxes are Tans et al., 1990; Gurney et al., 2002; Rodenbeck et al., 2003; Michalak et al., 2004; Bruhwiler et al. 2005; Peters et al. 2005; Zupanski et al. 2007a; Lokupitiya et al. 2008; "Carbon Tracker", 2011; Niwa et al. 2012; Jiang et al. 2014; Zhang et al. 2014; Thompson et al. 2016 .
During past two decades, greenhouse gas emissions from Asian countries have also been increasing rapidly particularly due to industrialization and population growth. Asia is an important region for the global carbon budget and it is the 4 th of the world's 10 largest national emitters of CO 2 (Thompson et al., 2016) . Therefore, it is vital to estimate the CO 2 fluxes with high precision for the Asian region. Many efforts have been carried out to estimate the Asian terrestrial carbon sources and sinks using inverse modelling. But the inverted Asian CO 2 fluxes using inverse modelling still remains challenging with a large uncertainty due to lack of observations (Patra et al., 2012 Piao et al., 2012; Jiang et al., 2013; Zhang et al.,2014) . A comparison study of carbon flux inversions by Peylin et al. (2013) has shown that there is more consistency between inversions for larger scales and for the regions where the atmospheric network is denser, as expected. Those studies highlighted the importance of the collecting more CO 2 observations using new methods in order to achieve good estimates for the CO 2 fluxes. Niwa et al. (2012) has mentioned that the lack of measurements at the surface can be partially compensated by satellite observations and increasingly by aircraft measurements in the free troposphere.
Newly available, CONTRAIL (Comprehensive Observation Network for Trace gases) observations by Airliner using passenger aircraft is becoming more popular among the researchers who are doing inverse modelling. CONTRAIL aircraft project provides CO 2 mole fractions using on-board passenger flights since 2005 and has produced a large coverage of in situ CO 2 data ranging over various latitudes, longitudes and altitudes (Machinda et al., 2008) . Compared to research aircrafts, passenger aircraft CO 2 measurements are done at a much lower cost and could cover larger areas. The CONTRAIL project measures CO 2 continuously between Japan and Europe, Australia, South and Southeast Asia, and North America (Jiang et al., 2014) . CONTRAIL CO 2 measurements have been used in an inversion system for the first time by Niwa et al. (2012) to identify the areas of greatest impact in terms of reducing flux uncertainties. Patra et al. (2011) and Zhang et al. (2014) also successfully used CONTRAIL measurements to estimate surface CO 2 fluxes.
In this study, we used ensemble based method called maximum likelihood ensemble filter (MLEF) (Zupanski et al., 2005; Zupanski et al., 2006, Lokupitiya et al., 2008) to estimate the carbon fluxes for the South Asian Region using the CONTRAIL observations in addition to the existing flak and continuous measurements. Similar to the pseudodata experiment done by Lokupitiya et al. (2008) , we conducted a pseudodata experiment to test the performance of MLEF on estimating the carbon fluxes by assimilating CONTRAIL measurements, which mainly cover the Asian region.
This paper consists with four sections. Section 2 describes the data assimilation method used in this study.
Results based on the pseudodata experiment is given in Section 3. The final section, Section 4 gives the conclusion and discussion with future work of the study. Lokupitiya et al. (2008) , has been successfully carried out a pseudodata experiment by using the MLEF method, coupled with a global atmospheric transport model to estimate the global CO 2 fluxes at regional scale with an existing observation network that includes flask, aircraft profiles and continuous measurements. The MLEF has been developed by incorporating ideas from variational methods, iterated Kalman filters and ensemble transform Kalman filter. A cost function is minimized numerically, which allows one to incorporate nonlinear models if necessary. MLEF incorporates iterative minimization of a non-linear cost function with advanced Hessian preconditioning, which makes it more robust for non-linear processes. The method is based on maximum likelihood (rather than minimum variance) estimation and thus the optimal solution is given by the mode (rather than the mean) of the posterior distribution (Lokupitiya et al. 2008) .
Methodology

Data Assimilation Scheme
Hourly land fluxes (Net Ecosystem Exchange (NEE) = Respiration (RESP) -Gross Primary Productivity (GPP)) derived from Simple Bioshere-version 3 (SiB3) model (Baker et al., 2003; 2007) , Takahashi ocean fluxes ) on a monthly time scale and Brenkert fossil fuel emissions (Brabkert (1998) ) are the fluxes used. The mid monthly values of the ocean fluxes are interpolated to hourly time resolution in order to be consistent with the hourly land fluxes.
In this study, the fluxes are estimated by optimizing the unknown biases added to each flux component. Bias term for the fossil fuel emission was not considered due to the low variations of the fossil fuel emissions within a year. Biases are defined at 10 0 longitude by 6 0 latitude spatial resolution. The biases added to the NEE and airsea gas exchange are estimated using the MLEF data assimilation method.
Mathematical representation of the optimization problem is given as follows:
F(x,y,t) = (1+β NEE (x,y))×NEE(x,y,t) + (1+β ocean (x,y))×Ocean(x,y,t) + FF(x,y,t),
where NEE(x,y,t), Ocean(x,y,t) and FF(x,y,t) are the fluxes from land, ocean and fossil fuel emissions at the x, y spatial coordinates and time t, which is at hourly resolution. Slowly varying biases defined in monthly scale are recovered by estimating those for the months from May to October using MLEF coupled with Parametric Chemistry Transport Model (PCTM). Since there are few number of CONTRAIL observations for the first few months of the selected year, data assimilation was started from May. Number of data assimilation cycles had to be limited to six in order to save the time to complete the experiment due to computational restrictions on available resources. The transport model is run at 2.5 0 longitude and 2 0 latitude spatial resolution with 25 vertical levels.
To examine the impact of CONTRAIL data on flux estimates, pseudodata experiment was conducted and the uncertainty reduction of the biases were compared by carrying out two experiments with and without CONTRAIL data for the selected time period. The selected year for the experiment is year 2006. The size of the data assimilation window is 4 weeks and the biases are assumed to stay constant throughout this 4 week time period. At the starting point of the data assimilation (first data assimilation cycle) we used unbiased case (β NEE = β ocean = 0) at every grid point. This is called as the background or first guess. Prior uncertainties (standard deviations) are selected as 0.4 and 0.2 for land and ocean priors. The selection of the prior uncertainties for the biases is very important in inverse modelling. Selection of larger prior uncertainties may allow more freedom for the biases to move, which may prevent reaching a reasonable solution when the observation network has few number of observations. Smaller prior uncertainties may lead biases to get stuck in a wrong solution (Lokupitiya et al., 2008) .
The fist guess vector along with the perturbed background vectors (ensemble members) was used to compute the hourly CO 2 fluxes using equation (1). For this experiment, we use 90 ensemble members. The created hourly CO 2 fluxes under each ensemble member was run through the transport model for 4 weeks (data assimilation window) to simulate CO 2 concentrations at the observation sites. Then the optimized β were obtained by minimizing the distance between the simulated and observed CO 2 concentrations using the method of MLEF. In each subsequent cycle, the average of posterior from the previous cycle and prescribed values from the initial cycle was considered as the prior. This was done for both mean and the uncertainty of the biases.
Observations
Three types of observations are used for the data assimilation. Those are 59 CMDL surface flask observations that are collected on weekly basis, 32 continuous sites that are measured in-situ at different vertical levels on an hourly basis and CONTRAIL aircraft locations on hourly basis. Observation locations and site names for flask and continuous sites are given in Figure 1 and Table 1 Observation error is the most important part in inverse modelling method. It should be pre-defined in the inverse modelling framework. It is the sum of the instrument, representation (error due to scale mismatch between the observations and the transport model) and forward model errors. In this pseudodata experiment, a random error term was added by assuming that the observation errors follows a normal distribution with zero mean and standard deviation of one. On average 2ppm (parts per million) error was assumed for each data point.
But for the real data experiment, the observation errors (model-data mismatch) have to be calculated using the true concentrations and the simulated concentrations which can be obtained from the transport model. Also, for the continuous sites, uncertainty has to be added according to the local time and station height as used in Lokupitiya et al. (2008) . In observation error covariance matrix (R), observation errors are represented by the diagonal elements of the matrix. In this experiment, we assume that the observation errors are uncorrelated in between the observation stations. That is the observation stations are far from each other.
Pseudodata
Pseudo truth was calculated by using monthly varying artificially generated bias maps for the flux components. Pseudo CO 2 concentrations were created by running the transport model forward for three years (3-year spin-up) and then sampled the CO 2 concentrations at the observation locations in the fourth year by running the model with the biased fluxes. Each observation was perturbed by adding an error term generated randomly. At the end of the third year, 3D model state was saved and those were used as the true CO 2 concentrations for the data assimilation scheme. 
Transport Model
Inverse modelling methods for carbon fluxes require a transport model to produce 3-D CO 2 fields, from which we sample the CO 2 at the location and times of the observations. This approach is limited by the accuracy of the numerical transport model, the circulation/wind inputs that derive the transport and the observational CO 2 data (Kawa et al., 2004 ). The transport model serves as the observation operator in the assimilation scheme and it performs the necessary interpolations and transformations from the state variable to the observation space. As in Lokupitya et al. (2008) , Parametrized Chemistry Transport Model (PCTM) (Kawa et al., 2004) driven by assimilated weather data from the GEOS-4 (Goddard Earth Observation System, version 4) reanalyse was used as the observation operator for this experiment. The PCTM was run at 2.5 0 longitude by 2.0 0 latitude horizontal resolution with 25 vertical levels. The model integration time was 15 minutes, which was consistent with the spatial resolution.
MLEF
The MLEF coupled with the PCTM (Zupanski M., 2005; Lokupitiya et al., 2008) is the main theoretical framework applied in this study. MLEF method is described briefly here. MLEF finds the maximum likelihood state solution employing an iterative minimization of a cost function. In Bayesian data assimilation, the cost function is optimized and it can be defined as follows.
( 2) where y is a vector of observations of dimension equal to number of observations (N obs ), H is an observation operator, β is a vector of unknowns which is the state vector we are solving for (given in equation (3)), β b is the prescribed prior estimate, R is the observation error covariance matrix with the size N obs × N obs and it includes instrumental and representativeness errors, and P f is the prior error covariance matrix.
In the cost function, first part controls the difference between observations and second part constrains the solution by an a priori flux distribution. The solution for the state vector β is obtained by minimizing the cost function in equation (2). The solution for a state vector of dimension N state is obtained by minimizing the above cost function by assuming a linear observation operator as follows.
where is the posterior estimate of the state vector β and is its corresponding posterior covariance (Tarantola, 1987) . The minimization is done using an iterative conjugate-gradient algorithm, which converges in a single iteration to the Kalman filter solution given in equation (4) when H is a linear function and the ensemble size equal to the size of the control variable.
Results
Uncertainty reduction of the land and ocean fluxes, comparison of the truth and the recovered land fluxes and comparison of the truth and the recovered land fluxes with their relevant standard deviations for the TransCom regions are discussed under the results.
Uncertainty reduction
In order to identify the effect of CONTRAIL observations for surface flux estimation, the pseudodata experiment was conducted separately with and without the CONTRAIL observations. Uncertainty reduction maps for land fluxes (Net Ecosystem Exchange) and ocean fluxes are given in Higher uncertainty reduction (more than 50%) of estimated land fluxes can be observed in the North American and European regions due to the plenty of observation sites in those regions. Uncertainty reduction for the ocean fluxes is very low because of the weaker signal from the ocean fluxes to the observation sites. Also, a very low uncertainty reduction can be observed for the sparsely observed land regions. Considerable change of the uncertainty reduction of the land fluxes can be seen in Asian and European regions with added CONTRAIL observations. Figure 3 focuses on the uncertainty reduction of land fluxes for the Asia with CONTRAIL observations.
Fig. 3. Uncertainty reduction map for the Asian region with CONTRAIL observations
Difference between the uncertainty reductions of the land fluxes due to the CONTRAIL observations is given in Figure 4 . It clearly shows the considerable uncertainty reduction in Tropical Asia and Eurasian temperate due to CONTRAIL effect. For Tropical Asia, the maximum uncertainty reduction is in between 45% -47.5% and for Eurasian Temperate it is in between 32.5% -35%. Fig. 4 . Change of the uncertainty reduction (%) due to CONTRAIL data.
According to Figure 3 and Figure 4 , it can be said that the additional CONTRAIL CO 2 observations includes an extra constraint that can help to reduce the uncertainty on the inverted Asian and Eurasian CO 2 fluxes.
Comparison between recovered and the true fluxes
Pseudo truth and the recovered mean fluxes for the months from May to October for NEE are shown in Figure  5 , ( 
Conclusions and Discussion
This paper presents a pseudodata experiment carried out to test the performance of the global assimilation system MLEF on estimating carbon fluxes for the Global and South Asian region with CONTRAIL observations in addition to the existing flask and continuous measurements. MLEF method has been tested with a pseudodata experiment for the flask and continuous observations and shown to be performed satisfactorily over the densely observed areas (Lokupitiya et al., 2008) . In the inversion scheme of Lokupitiya et al. (2008) two flux components, GPP and respiration were separately considered by adding two biases. However the daytime atmospheric CO 2 observations cannot adequately separate these two components. To separate these components, it requires some additional constraints to the model, for example, ability to assimilate night time observations and/or other traces such as carbonyl sulfide. Because of these reasons, in this study, flux estimation was done by considering only NEE component without separating it into two components as GPP and respiration.
It is assumed that the observation covariance matrix (R) is diagonal, which means that the observation stations are far enough from each other so that the correlations among their errors are negligible. This was assumed for all flask, continuous and CONTRAIL observations. For the real data experiment, observation error is going to be calculated considering the true observations and the simulated observations by running transport model. In case of CONTRAIL CO 2 concentrations, model-data mismatch is going to be calculated as a representation error that varies with altitudes as used in Verma et al. (2016) . The mismatch is very high for measurements that lie closer to the surface while the model performs better for higher altitudes that are not directly affected by the fluxes. Hence the mismatch can be computed by considering the functional dependency of the mismatch with altitude (Verma et al., 2016) .
Results of the pseudodata experiment for the land fluxes show better agreement in between the recovered and the true mean annual fluxes. More uncertainty reduction can be observed in Asian region by including the CONTRAIL CO 2 observations. These results reveal that the additional aircraft observations may change the inverted CO 2 flux estimates by imposing further constraints than existing flask and continuous observations.
The observation vector used for this experiment did not include all the CONTRAIL locations for year 2006 as it was not a complete data file for this year. Our assimilation scheme works well with CONTRAIL CO 2 observations. In the future, this model is going to be used with real observations to identify the carbon sinks and sources globally as well as mainly for the South Asian region.
